An important, unresolved question in genome-wide association studies is whether there are predictable differences in power between single nucleotide polymorphism (SNP) and haplotype markers. In this study, we use coalescent simulations to compare power for single-SNP and haplotype markers under a number of different models of demographic history and trait genetic architecture. We fi nd that, across a range of plausible scenarios, the average power of 2-and 3-SNP haplotype markers to detect a quantitative trait locus (QTL) exceeds that of single-SNP markers. The average increase in power is greater when a QTL is due to more than one polymorphism, when the population has experienced a bottleneck, and/or when marker SNPs are ascertained. These results are particularly relevant to applications where populations have experienced bottlenecks and marker density is low. G ENOME-WIDE ASSOCIATION STUDIES (GWAS) depend on linkage disequilibrium (LD) between markers and quantitative trait loci (QTL), which arises through the random processes of mutation and genetic drift . In a norecombination scenario, this can be easily understood in the context of coalescent genealogies. Figure 1 shows a tree generated under the standard neutral model (SNM) (a random-mating population at equilibrium, without selection). In this case, the distribution of three mutations results in four haplotype alleles at the tips; the mutations and the haplotypes can be considered as two types of markers. If a fourth mutation, a QTL, occurs on this genealogy, the strength of association between the QTL and the markers will depend on where in the genealogy the QTL occurs. In this particular tree, only when the QTL occurs on branch B is there a strong association between a haplotype and the QTL but not between an individual mutation and the QTL. Th e opposite situation arises only when the QTL occurs on branch A. Th e relative frequencies of these sorts of confi gurations in empirical data underlie an important, unresolved question in GWAS methodology: What is the diff erence in power between single nucleotide polymorphism (SNP) and haplotype markers?
G ENOME-WIDE ASSOCIATION STUDIES (GWAS) depend on linkage disequilibrium (LD) between markers and quantitative trait loci (QTL), which arises through the random processes of mutation and genetic drift . In a norecombination scenario, this can be easily understood in the context of coalescent genealogies. Figure 1 shows a tree generated under the standard neutral model (SNM) (a random-mating population at equilibrium, without selection). In this case, the distribution of three mutations results in four haplotype alleles at the tips; the mutations and the haplotypes can be considered as two types of markers. If a fourth mutation, a QTL, occurs on this genealogy, the strength of association between the QTL and the markers will depend on where in the genealogy the QTL occurs. In this particular tree, only when the QTL occurs on branch B is there a strong association between a haplotype and the QTL but not between an individual mutation and the QTL. Th e opposite situation arises only when the QTL occurs on branch A. Th e relative frequencies of these sorts of confi gurations in empirical data underlie an important, unresolved question in GWAS methodology: What is the diff erence in power between single nucleotide polymorphism (SNP) and haplotype markers?
Th e power to detect QTL is a function of sample size, marker density, extent of LD, and QTL eff ect size (Long and Langley, 1999) . Th e strength of LD is aff ected by the allele frequency spectrum in that only alleles that have similar frequencies can be in strong LD. Th erefore, a haplotype advantage is more likely when a QTL is rare and the markers are not (Schaid, 2004) . Th is situation may be fairly common in disease mapping studies, if complex disease is oft en caused by deleterious alleles that remain at low frequencies, and if markers have been developed from common SNPs ascertained in a small panel, but it may not be very common under other, less restrictive, conditions. Many previous studies have compared single-SNP and haplotype markers in the context of human disease mapping (e.g., Akey et al., 2001; Morris and Kaplan, 2002) . However, these studies have typically used a case-control design and/or restrictive assumptions about genetic architecture and QTL age that limit the generality of their conclusions for other applications.
We are interested in improving the methodology of GWAS for plant breeding as an effi cient approach to allele mining, that is, the identifi cation of functional allelic variation underlying traits of interest such as yield, disease resistance, and abiotic stress tolerance. Unlike disease susceptibility in humans, these traits have typically been under positive or balancing selection. Linkage disequilibrium in crops is oft en moderately or very extensive, particularly for the many species that are self-pollinating (most grasses and legumes), reducing the number of markers required. Furthermore, genetic bottlenecks associated with domestication typically result in reduced haplotypic diversity and increased average minor allele frequencies (MAFs). For all these reasons, a successful GWAS design in domesticated plant populations may be quite diff erent from that in human or natural populations (Hamblin et al., 2011) , and conclusions about the relative success of single-SNP markers and haplotypes may not be transferable.
Previously, using genotypic data for a large population of North American barley (Hordeum vulgare L. subsp. vulgare) and simulated phenotype data, we showed that use of SNP haplotypes can increase power over the use of single-SNP markers in GWAS (Lorenz et al., 2010) . We also saw an advantage for haplotypes in analysis of an empirical phenotype data set. Because these results were obtained with a single set of genotypic data that had experienced a complex and largely unknown history, we were able to draw only limited conclusions about the conditions under which haplotype markers might be preferable to single-SNP markers.
Th ere is essentially an infi nite number of possible genealogies and mutational patterns that could be generated under the same parameters as were used to generate the tree in Fig. 1 or under alternative sets of parameters. In the present study, we have used coalescent simulations to explore some of the factors that may aff ect the relative power of single-SNP markers and haplotype markers to detect QTL. In particular, we explored the roles of marker density and recombination, demography, marker ascertainment, and QTL genetic architecture: , is shown between each marker (SNP or haplotype) and a QTL mutation arising on each of the six designated branches. The probability of the QTL arising on each branch is the branch length/3.80 (total time in the tree).
1. As marker density increases, the chance that a single SNP will be in strong LD with a QTL increases. Previous studies in cattle have suggested that the benefi t of haplotype analysis may diminish at high marker densities (Grapes et al., 2004; Calus et al., 2008) . Th ere is an interaction between marker density and recombination, because density is a function of genetic, rather than physical, distance. Furthermore, as recombination increases, combinations of SNPs will generate greater allelic diversity.
2. Bottlenecks are known to increase LD and shift allele frequency spectra toward higher MAFs (Marth et al., 2004) . We hypothesized that, aft er a bottleneck, single markers were more likely to be in LD with QTL and that haplotypes might provide little advantage.
3. Marker ascertainment is a consequence of choosing SNPs that are polymorphic in a small sample and using only those SNP genotypes as marker data in GWAS; this has been the standard methodology for studies in humans and other species. Th is practice has no direct eff ect on LD, but it selects markers with higher MAF that are, on average, older and more likely to have experienced recombination. We hypothesized that haplotypes would have a greater advantage when markers are ascertained.
4. Th e architecture of a QTL can be modeled as a single biallelic polymorphism or as multiple polymorphisms whose eff ects are either additive or epistatic, creating an allelic series (Clark, 2004) . Th ese diff erent architectures are expected to interact with marker characteristics to infl uence power in GWAS.
For each of 432 simulated scenarios (3 demographic models × 4 recombination rates × 3 marker densities × 3 genetic architectures × 2 haplotype sizes), we estimated the power of haplotype markers and single-SNP markers to detect QTL and found the diff erence in power for the two marker types. In addition, we compared the power of haplotypes and single SNPs when QTL derived allele frequency is low, under a single demographic model and genetic architecture.
Materials and Methods

Models Simulated
Th e program ms (Hudson, 2002) was used to simulate genealogies. In each case, the number of chromosomes sampled was 500, and θ was set to 50. θ = 4N e μ is the population mutation parameter, in which N e is eff ective population size and μ is mutation rate (i.e., the number of mutations per generation for the entire chromosomal segment being simulated). For example, θ of 50 could represent N e = 1000 and μ = 1. 25 × 10 -2 or N e = 50 and μ = 0.25. We chose the value of θ to ensure that a suffi cient number of segregating sites would be available. When recombination was included in the simulation, the number of sites was set to 1,000,000. For example, in the console command "ms 500 1 -t 50 -r 20 1000000," the parameter aft er -r represents 4N e r and r represents the rate of recombination in Morgans between ends of the chromosomal segment being simulated. For example, with 4N e r = 20 and assuming N e = 50, the recombination rate between segment ends is 0.1 Morgan or 10 cM. For the bottleneck (BN) model, θ was reduced to 20, and "-eN 0.5 10" was added to the command line, indicating that the population was 10 times larger 2N e generations ago. Each model was run at four values of 4N e r, resulting in 16 sets of runs, 1000 runs per set, with parameters as shown in Table 1 .
Genotypic Data
For each simulated set of 500 chromosomes, SNPs that had minor allele frequency <0.01 were removed. Th ree SNPs in the middle of the segment were designated as QTL and removed from the genotype data. For the standard neutral model with low frequency QTL (SNM-low) runs, a single one of these SNPs was saved as the QTL if its derived allele frequency was not greater than 0.1. If none of the three SNPs met that criterion, the run was rejected. For the standard neutral model-ascertained (SNM-asc) data sets, the fi rst 24 simulated chromosomes were examined for polymorphism. Only sites that were segregating in those 24 chromosomes were retained in the data set. Th is was meant to simulate the eff ect of identifying SNPs in a small sample for subsequent genotyping assays. For all three models, genotype fi les of high (160 or 120), medium (80 or 60), and low (20 or 16) marker densities were extracted from the remaining SNPs (see Fig. 2 ). For the SNM-asc model, the marker numbers were smaller (120, 60, and 16) due to the reduced number of SNPs available.
Simulation of Phenotypes
From the three SNPs chosen to be QTL (a 500 × 3 matrix of 1s and 0s), phenotypic values were simulated according to three diff erent genetic architectures:
1. Single-SNP QTL. Th e middle SNP was used to form a vector of 1s and 0s of length 500. A vector of length 500 sampled from N(0,1) was generated for the error term. For QTL eff ect size of 0, the phenotype vector was equal to this error vector. Th e QTL eff ect size, that is, the fraction of the phenotypic variance generated by the QTL, was either 0.03 or 0.06. To adjust this eff ect for allele frequency, 
Error was added to the adjusted QTL value for each chromosome to achieve the desired heritability:
2. Th ree SNP QTL with additive eff ects. All three SNPs were used (a 500 × 3 matrix). An eff ect was sampled from N(0,1) for each SNP independently. Th e eff ects were multiplied by the QTL incidence matrix to obtain a 500 × 3 phenotype matrix with variance var (Y) . Th e error terms were chosen from
) and added to the phenotypic values to create the desired heritability. 3. Th ree SNP QTL with epistatic eff ects. A set of three SNPs has eight possible unique confi gurations of alleles. Th e 500 × 3 matrix was converted to a 500 × 8 incidence matrix, in which each column represented a unique haplotype and each line summed to 1. Columns summed to 0 if that combination of SNPs was not observed. Each of the eight possible unique haplotypes was assigned an eff ect from N(0,1) to form a 1 × 8 vector of QTL eff ects. Th e QTL eff ects were multiplied by the haplotype incidence matrix to obtain a 500 × 1 phenotype matrix with variance var (Y) . Th e error terms were chosen from N(0,
) and added to the phenotypic values to create the desired heritability.
Association Tests
Th e phenotypic values were combined with the genotype data to make input fi les for the program PLINK (Purcell et al., 2007) . PLINK requires diploid data, so we simulated doubled haploids by assigning every individual two copies of the same chromosome. For each simulation, a total of 21 PLINK fi les were prepared: 3 QTL architectures × 2 QTL eff ect sizes × 3 marker densities, plus zero QTL at three marker densities. Each one of these fi les was analyzed by three diff erent PLINK methods: single-SNP (--assoc) and 2-SNP and 3-SNP haplotype (--hap-linear --hap-omnibus) association tests based on linear regression. Th us, for each simulation, 21 × 3 p-values were obtained.
Power Evaluation and Comparison between Methods
Th e p-values obtained for the single SNPs and haplotypes were not directly comparable, so the distribution of p-values obtained when no QTL eff ect was simulated (Q0) was used to establish critical values for the association tests. For the nine sets of Q0 tests (3 marker densities × 3 test types), the observed p-values were sorted and the 51st lowest value was set as the critical value for that marker density and test type. For each set of 1000 tests, the power was calculated as the fraction of tests that gave a p-value smaller than the appropriate critical value.
Comparison of Test Types
Because results were correlated for all tests based on each simulation, signifi cance of the diff erence in power between haplotypes (H) and single SNPs (SS) was evaluated by means of McNemar's test for the diff erence in two correlated frequencies (McNemar, 1947) To improve the robustness of our conclusions, we performed all power comparisons on 1000 bootstrapped samples of the data: from each set of 1000 simulations based on one model and recombination frequency, with 21 test results per simulation, we created 1000 new sets of p-values by bootstrapping 1000 rows of the 1000 × 21 results matrix. Bootstrapping by rows ensured that the correlation structure of the data was retained. Th e power analysis described above and the McNemar's tests were done on each of these 1000 data sets, providing average values for the diff erences in power and the signifi cance of those diff erences that did not depend on a single set of simulations.
Results
Single Nucleotide Polymorphism Allele Frequency Distributions
Simulated data from the four diff erent models (see Methods) produced diff erent distributions of derived allele frequencies (DAFs) for both marker SNPs and QTL (Fig. 3) . Th e average QTL DAF under SNM was about 0.2. For the SNM-low simulations, the DAFs of QTL were restricted to be <0.1. Note that, if the DAF was >0.9, the MAF would be <0.1, but QTLs with this allele confi guration were not included in SNM-low. In contrast, all other SNPs were fi ltered by MAF rather than DAF. Th e distribution of MAFs for the BN is much less skewed than the others, and the ascertained distribution shows an overrepresentation in the 0.1 to 0.3 range. In the BN model, the QTL alleles are drawn from the same distribution as the markers, while in the SNM-asc model, the QTL have the same distribution as in the SNM but the markers do not.
Haplotype Allele Numbers
Combinations of two or three SNP markers can have up to four or eight alleles, respectively, reducing the average MAF at the locus and aff ecting the LD between the marker and QTL alleles. Th e number of alleles that are observed is a function of the variables in the models: rate of recombination, SNP density, and demographic history. In Table 2 , we show the average numbers of haplotype alleles and allele frequencies under the diff erent scenarios. Interestingly, the rate of recombination has no eff ect on these values except at the lowest marker density; under the SNM, the eff ect is very modest. As expected, the mean allele number under the BN is lower than under SNM, and the allele number under SNM-asc, especially at higher SNP densities, is barely higher than the two alleles for single SNPs.
When a QTL is caused by three SNPs, as in two of the simulated genetic architectures, the QTL is also multiallelic. Because the three QTL SNPs are always tightly linked (they are adjacent SNPs in the raw simulated data), the rate of recombination has little eff ect on the allele number. For each model, the average number of QTL alleles is essentially identical to those of the 3-SNP marker haplotypes at high marker density (Table 2) .
Linkage Disequilibrium
Supplemental Fig. S1 shows the diff erence in decay of LD under the SNM vs. BN for the four rates of recombination. In the absence of recombination, both BN and SNM have many pairs of SNPs in perfect LD, though there are many more under BN. In the presence of intermediate levels of recombination, the decay of LD under BN can be very noisy and variable from run to run. Th is noisiness is greatly diminished under high recombination.
Differences in Power among Marker Types
Th e power to detect a QTL varied greatly across the scenarios, ranging from <0.5 to almost 1, and was most strongly aff ected by QTL eff ect size. Th ese diff erences in power are summarized in Supplemental Fig. S2 . In this study, however, we were concerned not with the absolute level of power of a method but with the diff erence in power achieved when haplotypes versus single SNPs were used as markers in association tests (see Methods). Table 3 shows the diff erence in power to detect a QTL when using haplotypes (both 2-SNP and 3-SNP) rather than single SNPs as markers, with tests grouped according to the factors that were varied in the simulations. Only in the case of one QTL under SNM was the average power lower for haplotypes. When QTL DAF was restricted to ≤0.1 under SNM, the performance of haplotypes relative to single SNPs increased slightly, such that a very small increase in power was observed for haplotypes overall.
When a QTL comprised three SNPs, with either additive or nonadditive eff ects, haplotype markers provided an increase in power of, on average, about 0.01 to 0.03, regardless of the model. Under SNM, the increase was greatest when marker density and recombination were low; however, this pattern does not emerge for the other models. For SNM and BN, but not for SNM-asc, haplotypes provided a larger advantage when the QTL eff ect size was smaller.
Th e average diff erences reported in Table 2 include many diff erent combinations of factors; results for each specifi c set of tests are provided in Supplemental Table  S1 . Th ese analyses show that, under specifi c circumstances, haplotypes can increase power over single-SNP markers by up to ~8% (no recombination, ascertained markers, and medium marker density). In contrast, the maximal observed reduction in power was 2.8%, when QTL DAF was low in the absence of recombination.
Overlap in Results of Marker Types
Th e analyses presented above do not reveal the extent to which the diff erent marker types detected diff erent QTL; that is, were the successes with the less powerful method simply a subset of the successes of the more powerful method? To examine this question visually, we plotted the 1000 pairs of p-values for SS and haplotypes under many diff erent scenarios (Supplemental Fig. S3 ), a representative of which appears in Fig. 4 . Th ese plots show a consistent asymmetry around the line x = y, where the points would fall if the signifi cance of the SS test were identical to that of the haplotype test. In particular, a haplotype test is occasionally much more signifi cant than a SS test, but the opposite is almost never observed. Supplemental Fig. S3 shows that the extent of this asymmetry varied depending on the scenario but was always present. Th e diff erent scales on these plots also show that the absolute power to detect QTL varied widely, primarily depending on marker density and QTL eff ect size.
Th e plot in Fig. 4 is a visual representation of the structure of the McNemar test, which tests whether the number of points in the lower right quadrant is diff erent from the number of points in the upper left quadrant. It is clear that, in most cases, there are points in both of those quadrants; that is, detection of some QTL is method specifi c, regardless of which method has greater power. In fact, the number of method-specifi c detections is greater when total power is lower ( Supplemental  Fig. S4 ).
Discussion
Most published evaluations of the power of marker haplotypes in GWAS have focused on the mapping of human disease alleles, using estimated haplotypes and either case-control or family-based designs (reviewed in Liu et al., 2008) . In contrast, this study was designed to be relevant to GWAS in self-pollinating plants, particularly domesticated ones. Using coalescent simulations, we simulated quantitative phenotypes in doubled haploids, a common approach in plant breeding (e.g., Jauhar et al., 2009) , obviating the need for haplotype phasing. Another major issue in the literature has been the reduction of haplotype allele number, by some type of clustering, when haplotypes formed from many markers generate large numbers of rare alleles. Because we used short haplotypes, formed from either two or three SNPs, this also was not an issue in our analyses.
We did not explore the use of larger haplotypes or haplotypes that are defi ned on the basis of some property of the data, such as LD (Gabriel et al., 2002) or shared evolutionary history (Templeton et al., 2005; Zollner and Pritchard, 2005) . Th us, our haplotypes do not refl ect any biological phenomenon; they are simply combinations of adjacent markers that generate new alleles at new frequencies. Th e fact that the windows are not defi ned by LD means that new alleles can result from recombination as well as mutational history. In our previous study (Lorenz et al., 2010) , haplotypes formed by simple sliding windows performed as well as those other methods.
Performance of Haplotypes versus Single Single Nucleotide Polymorphisms
Our results are largely consistent with those of previous studies, in the limited cases where such comparisons are meaningful. Our study design was most similar to those of Long and Langley (1999) and Zhao et al. (2007) , both of which used regression analysis of simulated data for a random-mating population with a single mutation underlying the QTL. Neither found any benefi t for haplotype-based analyses, agreeing with our results for a single-SNP QTL under SNM (Table 3) . recombination (r0) at high marker density (H) and high recombination (r20) at low marker density (L) produce the lowest and highest allele numbers, respectively, for any given demographic model. SNM, standard neutral model; SNM-asc, standard neutral model-ascertained; BN, bottleneck. ‡ SNP, single nucleotide polymorphism. With the exception of the columns with the heading Allele No., cells contain minor allele frequency (MAF) for single-SNP loci or the lowest (Min.) or highest (Max.) allele frequency observed for multiallelic haplotype loci. Each value represents a mean over 500 simulations, with four nonoverlapping haplotype windows included from each simulation. § QTL, quantitative trait locus. 3-SNP QTL refers to the number of QTL alleles generated as described in Methods, using three adjacent SNPs. ¶ The QTL in the SNM-asc simulations are identical to those of the SNM, since only the marker SNPs are ascertained.
We also evaluated haplotypes under a number of other conditions, some of which have not been previously reported: BN, marker SNP ascertainment, and complex QTL genetic architecture. Under this range of conditions, especially when QTL architecture was complex, use of haplotypes as markers provided additional power to detect QTL. Th ese results are consistent with those of Becker and Herold (2009) , a case-control-design study that reported an increase in power of haplotype tests when QTL were simulated by two SNPs.
Th e results for a bottlenecked population were inconsistent with our initial hypothesis (see Introduction). It is not obvious why haplotypes should provide an advantage in a population in which both markers and QTL have higher MAFs (Fig. 3) and more extensive LD (Supplemental Fig. S1 ), resulting in higher power regardless of recombination rate, marker density, and genetic architecture (Supplemental Fig. S2 ). Th is phenomenon may be related to the increase in variance of allele frequencies, LD, and other statistics in bottlenecked populations: while markers and QTL have the same mean allele frequencies under BN, they may still be frequently mismatched within a given simulation.
Quantitative Trait Locus Allele Frequency
A hypothesis of this study was that mismatch between QTL allele frequencies and MAFs is responsible for a loss of power in association studies, and that a method that reduces the mismatch will increase power. Both SNP ascertainment and complex QTL architecture produce mismatch in allele frequencies between SNP and QTL alleles, because ascertainment increases marker MAFs (Fig. 3) and multiallelic QTL have lower MAFs than do biallelic SNPs (Table 2) . It is therefore not surprising that marker haplotype alleles, which on average have lower frequencies (Table 2) , would be in stronger LD with QTL under these conditions. However, when we explicitly tested this hypothesis by simulating all QTL DAF below 0.1, we saw only a very small increase in power (Supplemental Table S1 ).
To explore this issue further, we tested whether QTL DAFs diff ered for those simulations in which haplotypes had stronger associations with QTL than did single-SNP markers. Th ere were signifi cant diff erences in allele frequencies; however, they did not depart in the expected direction: in 19 out of 20 scenarios examined, the QTL DAF was signifi cantly higher for those simulations in which the haplotype had a smaller p-value than the single-SNP marker (Table 4 ). It appears that the advantage of haplotype methods is not simply due to the generation of lower-frequency alleles.
Generality of Results
Th ere is an infi nite parameter space of nonequilibrium population histories that could be explored, and there are many diff erent methodological approaches to association testing. So it is reasonable to ask whether the results reported here are likely to be general under other demographic and genetic models and when diff erent analytical methods are employed. We performed simulations under two additional demographic models with more recent bottlenecks and found that haplotypes generally provided modest advantages under these scenarios as well (Supplemental Table S2 ), suggesting that our results are not restricted to the particular parameters chosen.
We used linear regression analysis as implemented in PLINK because it is a simple, easily automated method that is appropriate for datasets, such as ours, that do not include population structure or inbreeding. However, it is well known that most empirical genotypic data, particularly from plant breeding programs, refl ect a nonrandom mating history, and that failure to account for genetic relatedness will lead to spurious results (e.g., Lander and Schork, 1994; Yu et al., 2006) . Th us, analysis of empirical data sets will employ mixed model approaches rather than simple linear regression. Th is raises two questions: (i) would the use of mixed models aff ect our conclusions and (ii) does population structure in the data aff ect the relative power of single SNPs and haplotypes, regardless of methodology? Th e answer to the fi rst question is beyond the scope of this paper; however, the fi ndings of our previous study using a mixed model (Lorenz et al., 2010 ) suggest that our current results are robust to diff erences in methodology. As a preliminary look at the second question, we ran a set of simulations under a simple, no-migration model of population structure. Overall, the advantage for haplotypes was comparable to that reported in Table 2 except under high recombination, when haplotypes showed a very small decrease in power (Supplemental Table S2 ).
Relevance and Implications for Genome-Wide Association Study
Th is study was designed to be particularly relevant to analyses of cultivated plants, whose population-genetic properties have been perturbed by domestication bottlenecks. Th e consistent advantage seen for haplotype markers in our three bottleneck models is important, because the bottlenecks experienced by diff erent domesticated plants have varied in timing and severity (Glemin and Bataillon, 2009 ). While our simulations captured the changes in LD and MAFs associated with bottlenecks, they did not capture the changes in genetic variance that may occur for traits where dominance is important (Wang et al., 1998) , since dominance was not included in our study.
Th e genetic architecture of most QTL is unknown and is likely to be quite variable from trait to trait. Our "complex" simulated genetic architectures were intended to resemble some of the eff ects that have been seen in empirical studies, such as the allelic series at fl owering time QTL in maize (Zea mays L. subsp. mays) (Buckler et al., 2009 ). Such eff ects may be less important in self-pollinating crops with lower eff ective population size. Both of the complex genetic architectures that we simulated resulted in increased power for haplotype markers across virtually all scenarios.
Th is study looked at a single genomic region with one QTL in the middle and tested the power to detect that QTL under various conditions; there were no false positives, and we did not consider the multiple testing problem that arises in a GWAS with many markers. Use of haplotypes as markers may or may not increase the stringency of an empirically determined signifi cance Each set of 1000 simulations was sorted into two groups, according to whether the p-value for a given haplotype test was lower than the p-value for the corresponding single-single nucleotide polymorphism (SNP) test, for the 1-QTL genetic architecture. The mean QTL allele frequencies (DAF) for the group in which the haplotype test has lower p-value (hap) and for the alternative group (ss) are reported, along with the p-value of a t test for the difference in means (p). The allele frequencies are higher than in Table 2 because Table 2 reports minor allele frequencies (MAFs) rather than DAFs. 2h and 3h refer to 2-SNP and 3-SNP haplotypes; 6% and 3% refer to the QTL effect size; low and high refer to marker density; r0, no recombination; r20, high recombination.
‡ BN, bottleneck. § SNM, standard neutral model.
threshold; when haplotypic diversity is very high, the number of tests can increase. In our experience, however, critical p-values were typically slightly higher (in other words, less stringent) for haplotype tests than for single-SNP tests, both in this study and in our study of empirical data (Lorenz et al., 2010) . Th erefore, scaling up this approach to a genome-wide level should present no unusual problems of signifi cance testing. Finally, many traits have low-to-moderate heritability, and QTL can be diffi cult to detect. Our results suggest that, when power is low, it may be worthwhile to perform analyses using both SNPs and haplotype markers, as QTL may be detected with one method but not the other.
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